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The role of neurons in the substantia nigra (SN) and ventral tegmental area (VTA) of the midbrain in contributing to the elicitation of
reward prediction errors during appetitive learning has been well established. Less is known about the differential contribution of these
midbrain regions to appetitive versus aversive learning, especially in humans.Herewe scannedhumanparticipantswith high-resolution
fMRI focused on the SN and VTA while they participated in a sequential Pavlovian conditioning paradigm involving an appetitive
outcome (a pleasant juice), as well as an aversive outcome (an unpleasant bitter and salty flavor). We found a degree of regional
specialization within the SN:Whereas a region of ventromedial SN correlated with a temporal difference reward prediction error during
appetitive Pavlovian learning, a dorsolateral area correlated instead with an aversive expected value signal in response to themost distal
cue, and to a reward prediction error in response to themost proximal cue to the aversive outcome. Furthermore, participants’ affective
reactions to both the appetitive and aversive conditioned stimuli more than 1 year after the fMRI experiment was conducted correlated
with activation in the ventromedial and dorsolateral SN obtained during the experiment, respectively. These findings suggest that,
whereas thehumanventromedial SN contributes to long-term learning about rewards, the dorsolateral SNmaybeparticularly important
for long-term learning in aversive contexts.
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Introduction
It is well established that the substantia nigra (SN) and ventral
tegmental area (VTA) of the midbrain play an important role in
facilitating learning and updating of stimulus–reward associa-
tions, especially via the phasic activity of dopamine neurons that
have been found to encode a reward prediction error (RPE) signal
(Mirenowicz and Schultz, 1996; Montague et al., 1996; Schultz et
al., 1997; Schultz, 1998; Day et al., 2007; Tsai et al., 2009; Flagel et
al., 2011; Takahashi et al., 2011; Lammel et al., 2012).
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Significance Statement
The role of the substantia nigra (SN) and ventral tegmental area (VTA) in appetitive learning is well established, but less is known
about their contribution to aversive compared with appetitive learning, especially in humans. We used high-resolution fMRI to
measure activity in the SN and VTA while participants underwent higher-order Pavlovian learning. We found a regional special-
ization within the SN: a ventromedial area was selectively engaged during appetitive learning, and a dorsolateral area during
aversive learning. Activity in these areas predicted affective reactions to appetitive and aversive conditioned stimuli over 1 year
later. These findings suggest that, whereas the human ventromedial SN contributes to long-term learning about rewards, the
dorsolateral SNmay be particularly important for long-term learning in aversive contexts.
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One important question is about the role that these midbrain
nucleimight play in aversive learning, over and above their role in
appetitive learning. Early reports in nonhuman primates, which
focused on dopamine neurons in those areas, found that the
majority of these neurons exhibited response properties consis-
tent with a predominantly selective involvement in appetitive
learning (Mirenowicz and Schultz, 1996). More recently, it has
been reported that, although dopamine neurons in the ventro-
medial SN are involved selectively in appetitive learning, as pre-
viously reported, a subpopulation of neurons in the dorsolateral
SN are involved in learning about aversive events, as well as about
appetitive events. These neurons are described as increasing in
activity in response to surprising occurrences of both appetitive
and aversive outcomes (Matsumoto andHikosaka, 2009). Others
have suggested that the apparent responsiveness of some dopa-
mine neurons to aversive stimuli does not reflect prediction error
coding per se but rather the effects of generalization (Schultz,
2010), initial sensory-driven responses, and/or overshadowing
arising from the presence of overlapping neutral cues for appet-
itive and aversive learning (Fiorillo et al., 2013; Fiorillo, 2013).
Furthermore, it has also been proposed that, although aversive
learning signals are indeed present in the SN, such signals are
carried by GABAergic neurons rather than dopamine neurons
(Cohen et al., 2012). Regardless of the specific neurotransmitter
system involved, these findings suggest the possibility that mul-
tiple types of learning-related signals are present in these mid-
brain nuclei.
Much less is known about the response properties of these
midbrain nuclei in the human brain. Neuroimaging methods
have widely reported prediction error activity in the brain, al-
though typically in target areas of dopamine neurons, such as the
striatum as opposed to directly in the midbrain structures
(O’Doherty et al., 2003; Delgado, 2007). Measurement of activity
in midbrain structures with functional neuroimaging has been
limited by an increased susceptibility of the brainstem as a whole
to the effects of physiological noise, and a lack of spatial resolu-
tion. Nevertheless, some studies have reported activity in SN
and/or VTA in response to prediction errors during reward pre-
sentation or omission (O’Doherty et al., 2002; Wittmann et al.,
2005; D’Ardenne et al., 2008). A recent study has also reported
activity in the SN in response to anticipation of aversive out-
comes, although it is not known from this experiment whether
this region is encoding a prediction error for aversive outcomes
per se, or a pure anticipatory value signal (Hennigan et al., 2015).
Here, we used a high-resolution imaging approach optimized
for the brainstem while participants underwent higher-order
appetitive and aversive Pavlovian learning, where a distal condi-
tioned stimulus was followed by a proximal conditioned stimu-
lus. Our aims were threefold: (1) to determine whether human
SN and VTA regions are exclusively involved in encoding a RPE,
or whether these structures are also involved in encoding predic-
tion errors during learning about aversive events; (2) to establish
whether there exists regional functional specialization within the
SN and VTA in appetitive and aversive learning (Matsumoto and
Hikosaka, 2009); and (3) to test whether we would find evidence
for an unsigned prediction error (UPE) signal that shows in-
creases in activity in response to unexpected presentations of
neutral, appetitive, or aversive stimuli (D’Ardenne et al., 2013),
or whether instead activity would always decrease in response to
aversive stimuli, similar to the way in which an unexpected re-
ward omission results in a decrease in activity to below baseline as
found in single neurons encoding RPE signals (Mirenowicz and
Schultz, 1996; Roesch et al., 2007).
Materials andMethods
Participants. Eight participants (4 females) with a mean age of 26 years
(SD: 2.27 years) participated in a behavioral pilot study. Written in-
formed consent was obtained from all subjects, according to a protocol
approved by theHuman Subjects Protection committee of the California
Institute of Technology (Pasadena, CA).
Twenty-nine right-handed participants (10 females) with a mean age
of 33.65 years (SD: 4.8 years) participated in the fMRI study. All subjects
were free of neurological or psychiatric disorders and had normal or
corrected-to-normal vision. Written informed consent was obtained
from all subjects, according to a protocol approved by the Human Sub-
jects Protection committee of the California Institute of Technology
(Pasadena, CA). Six subjects had to be excluded from analysis due to a
technical problem with equipment in the scanner room that resulted in
the presence of systematic noise in the fMRI data.
Task description. Human volunteers participated in a higher-order
Pavlovian conditioning paradigm, in which they learned to associate two
sequentially presented conditioned stimuli (fractal images), and a pleas-
ant (apple orwhite grape juice, Trader Joe’s), affectively neutral (artificial
salivamade of 25mMKCl and 2.5mMNaHCO3), or unpleasant (salty tea
made of 2 black tea bags and 29 g of salt per liter) flavor liquid. Before the
beginning of the experiment, participants were given samples of white
grape juice and apple juice and got to choosewhich one theywould like to
receive as a pleasant liquid.
Details of the trial structure are shown in Figure 1A. To mitigate
against effects of swallowing-related movement on measurements of
midbrain activity, we used a two-stage sequential conditioning paradigm
inwhich one visual cue probabilistically predicted another, which in turn
deterministically predicted the delivery of either an aversive, appetitive,
or neutral liquid outcome (Fig. 1A). Critically, in this paradigm, the
deterministic proximal cue (CSp) was sometimes not delivered as pre-
dicted by the distal cue (CSd), thereby inducing both positive and nega-
tive prediction errors in both appetitive and aversive learning contexts
(Fig. 1B), and capturing the core feature of the temporal difference algo-
rithm: learning via prediction errors induced by sequential predictors
(Seymour et al., 2004). Specifically, in 30% of trials, the expectation
evoked by the distal cue would be reversed by the proximal cue (Fig. 1B).
This higher-order trial structure enabled us to study the neural represen-
tations of prediction errors at the onsets of CSd and CSp, rather than at
the time of delivery of liquids, and was designed so to avoid confounding
motion artifacts elicited by the delivery of liquids.
The distal cue was presented randomly at 1 of 8 possible locations
around the fixation cross, and the proximal cue was presented randomly
at 1 of the remaining 7 locations. We chose to vary cue locations for
several reasons: to ensure that learning occurred with respect to the cue
identity as opposed to being based on (1) spatial location or (2) a specific
saccade direction, which could have involved a type of instrumental
cue-saccade learning. By ensuring that the constant variable across trials
is the cue identity as opposed to position, this helps to ensure that the
main learning component we are measuring is Pavlovian. Furthermore,
(3) varying spatial positionmaximizes the salience of the cues, by requir-
ing participants to move their attention. Importantly, because spatial
position of cues is randomized across trials, there is no systematic rela-
tionship between spatial position and reward and aversive prediction
errors. Thus, although it is possible that variance in spatial positionmight
induce additional variance into the prediction error signal, this is very
unlikely to have confounded ourmain conclusions regarding a difference
in prediction error signals in the reward and aversive conditions. It is also
important to note that randomization of spatial position is a very perva-
sive experimental manipulation in human learning studies, for the rea-
sons described above (O’Doherty et al., 2004; Seymour et al., 2005;
Tobler et al., 2006).
The experiment consisted of two sessions, lasting16 min each. Each
session was composed of 70 trials, yielding a total of 140 trials. In one of
the sessions, only pleasant and neutral flavors were presented, whereas in
the other, aversive session, conditioned stimuli predicted the subsequent
delivery of either the unpleasant flavor stimulus, or the affectively neutral
stimulus. The order of presentation of the two sessions was fully coun-
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terbalanced across participants. The rationale for including the appeti-
tive and aversive conditioning procedures in separate sessions as oppo-
sed to including both conditions intermixedwithin the same sessionswas
to avoid contrast effects observed in a prior study (Seymour et al., 2005),
which reported that cues signaling the aversive liquid tended to over-
whelm cues signaling the pleasant liquid such that both the pleasant and
the neutral cue stimuli were viewed as similarly experienced as a pleasant
relief when contrasted against the aversive outcome. Having separate
sessions for appetitive and aversive conditioning ensured robust behav-
ioral conditioning in both the appetitive and aversive cases and largely
avoided contrast effects between the appetitive and aversive conditions.
It should be noted that this choice might have had the adverse effect that
neutral outcomes were considered aversive in the appetitive condition,
and appetitive in the aversive condition (Kim et al., 2006).
Participant instructions. Before the conditioning session, subjects re-
ceived the following verbal task instructions: “In each trial, an image will
appear on the screen, followed by a second image, which will be followed
by the delivery of a liquid. Each image will help you predict what kind of
liquid will be delivered. There will be two sessions, in the first session you
will either receive juice [salty tea] or a neutral solution, in the second you
will either receive salty tea [juice] or a neutral solution.”
Apparatus. The pleasant, neutral, and unpleasant tasting liquids were
delivered by means of three separate electronic syringe pumps. These
pumps pushed 0.75 ml of liquid to the subject’s mouth via clear PVC
plastic tubes (http://www.freelin-wade.com; outside diameter, 8 mm;
inside diameter, 4.8 mm), the other ends of which were held between the
subject’s lips like a straw, while they lay supine in the scanner, or placed
their chins on a chin rest in the pilot study.
Stimulus ratings. One year after the last volunteer had participated in
the MRI study, participants of the MRI study were contacted again and
invited to participate in a follow-up survey. In this follow-up survey,
participants were asked to rate the different conditioned stimuli they had
experienced during the experiment. Rating scales ranged from5 (very
unpleasant) to 5 (very pleasant). All 23 participants included in the fMRI
data analysis were invited to participate in the follow-up survey, of which
17 responded, corresponding to a response rate of 70%. The responses of
2 participants were excluded because they had responded indiscrimi-
nately only with extreme ratings for all stimuli.
To evaluate how well participants remembered stimulus–outcome
association in the follow-up survey, we calculated the difference in rating
of the most aversive or appetitive conditioned stimulus and the neutral
stimulus of the aversive and appetitive session, respectively.
Pupil dilation and eyeblink. To obtain behavioral measures of condi-
tioning, we measured participants’ pupillary and eyeblink responses,
both of which have been found to be reliable indexes of Pavlovian con-
ditioning in prior studies. Indeed, recently we have found that, whereas
pupil dilation is a good indication of learning with appetitive juice re-
wards, eyeblink responses are a more robust indicator for learning about
aversive events (Pre´vost et al., 2013). To obtain these measurements, an
infrared camera continuously recorded a video of the participants’ pupils
at 60 frames per second. Pupil diameter was extracted using the open-
source eye tracking software MrGaze. Before statistical analysis, pupil
data were down-sampled to 20 frames per second and baseline corrected
to the pupil size at the onset of each conditioned stimulus presentation.
Statistical analysis was conducted using the cumulative percentage
change in pupil diameter between 0.5 and 2 s after stimulus onset as this
is the time window after stimulus presentation we have found previously
to be responsive during conditioning (Pre´vost et al., 2013). For the sta-
tistical analysis of eyeblink rate, we counted the number of eyeblinks
detected by the eye tracking software during the duration of each condi-
tioned stimulus, then mean-centered each participant’s eyeblink rates
across the two sessions, to account for individual differences.
For a model-free analysis of the pupil and blink data, we used linear
mixed-effects models with random factor participant and fixed factor
stimulus valence (i.e., CS vs CS). The effective degrees of freedom
were calculated using theWelch–Satterthwaite approximation (Satterth-
waite, 1946), to achieve a more conservative estimate of p values.
Fluctuations in respiration and heart rate. In the fMRI experiment,
peripheral pulse and respiration were recorded using a pulse oximeter
positioned on the left index finger of subjects’ left hand and a pressure
sensor placed on the umbilical region. The time courses derived from
these measures were used to derive a regressor of no interest in the fMRI
data analysis using the RETRO-ICOR algorithm (Glover et al., 2000).
Additional motion regressors. In addition to the rigid body motion
regressors during the realignment step of data processing of fMRI data, a
camera continuously recorded the position of the tip of participant’s
A B
Figure 1. A, Illustration of the sequence of eventswithin a trial. At the beginning of each trial, a cue stimulus (CSd)was presented randomly in 1 of 8 locations around the fixation cross, followed
bya second cue (CSp)presented randomlyat 1of the remaining7 locations3 s later. After another 4.25 s, liquidwaspresentedover the courseof 0.75 s. Thepresentationof theproximal cueand liquid
delivery coterminated. After another 1–3 s (uniformly distributed), a visual cue appeared on the screen for 0.5 s, instructing participants to swallow the liquid. A further 1–5.5 s later, the next trial
was triggered. Subjectswere told that the visual stimuliwould allow themtopredictwhich liquidwould bedelivered at the endof each trial.B, The experimental design expressed as aMarkov chain,
giving four separate trial types. In 70% of trials, the CSd validly predicted the following CSp and liquid. However, in 30% of trials, the CSp would reverse the expectation evoked by the CSd.
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nose. The time course derived from this measure was used as a regressor
of no interest in the fMRI data analysis.
Statistical analysis of behavioral data. Behavioral data (i.e., stimulus
ratings, pupil and eyeblink data) were analyzed using a linear mixed-
effects model approach (Pinheiro and Bates, 2000), using the R statistics
package lme4 (Bates et al., 2008). Linear mixed-effects models were cho-
sen because they allow specification of random effects (Fisher, 1919) in
addition to fixed (experimental) effects to account for repeatedmeasure-
ments made on the same participants.
Computational model analysis. The temporal difference (TD) learning
algorithm (Sutton and Barto, 1998), with a temporal discounting param-
eter, and identical learning rates for the CSp and CSp time points was
used to predict pupil dilation (juice session) and blink rate (salty tea
session).
The value of a distal cue was updated according to the following:
VCSd4 VCSd VCSp VCSd
The value of the proximal cue was updated according to the following:
VCSp4 VCSp r VCSp
In these equations,  represents the learning rate, and  the temporal
discounting factor. The deliveries of pleasant and aversive liquids were
coded as r	 1 and the neutral liquid was coded as r	 0. Cue values were
initialized with 0 at the beginning of each session. Value and prediction
error estimates of the TD algorithm were used as regressors in a linear
mixed-effects model, with participants as the random effect factor, and
the TD value or prediction error estimates, as well as their interaction, at
the onsets of CSd and CSp as fixed effects. To determine the best-fitting
learning rates, we performed a complete 2D grid search (50 equidistant
steps from 0.001 to 0.999) for each combination of learning rate and
temporal discounting, and recorded the log-likelihood of the population
data, given the model and the learning rates.
We conducted a permutation test to evaluate the fit of pupil and eye-
blink responses to conditioned stimulus onsets by the temporal differ-
ence model (for details on the temporal difference model, see
Computational model analysis). Specifically, we permuted each partici-
pant’s sequence of pupil/blink responses to eliminate any contingency
between conditioned stimulus type and these responses. A full grid
search over the free parameters of the temporal difference model was
conducted for each permutation. To create a robust baseline distribu-
tion, we created 1000 permutations of each participant’s data. The effec-
tive degrees of freedom of the linear mixed-effects models were
calculated using theWelch–Satterthwaite approximation (Satterthwaite,
1946), to achieve a more conservative estimate of p values.
fMRI data acquisition. Functional imaging was performed on a 3 tesla
MRI system (Magnetom Tim Trio, Siemens Medical Solutions) located
at the Caltech Brain Imaging Center (Pasadena, CA) with a 32-channel
head receive array for all the MR scanning sessions. To reduce involun-
tary headmotion, participants’ headswere securely positionedwith foam
pads.
Because the focus of our study was the midbrain, we only acquired
T2*-weighted echo planar images with coverage limited to the midbrain
while subjects were performing the task. This coverage included the ven-
tral posterior part of the prefrontal cortex, the striatum and globus pal-
lidus, the insula, the amygdala, and the upper part of the cerebellum
(among other regions). A total of 40 slices were acquired with an
interleaved-ascending order for each T2*-weighted EPI volume, with an
isotropic resolution of 1.5 mm. Phase encoding oversampling with con-
trolled foldover was used to eliminate signal from anterior and posterior
brain regions, achieving an in-plane volume localization (“zoomed
EPI”). Other imaging parameters included the following: TR, 2770 ms;
TE, 30ms; flip angle, 81 degrees; field of view, 160mm
 160mm
 100
mm;matrix, 64
 64); a whole-brain high-resolutionT1-weighted struc-
tural scan (voxel size, 0.77 
 0.77 
 1.0 mm); and a partial coverage
high-resolution T2-weighted structural scan (T2-weighted 3D SPACE,
isotropic voxel size, 0.75 mm). Dual-echo gradient echo field maps were
acquired to allow geometric correction of the EPI data in the midbrain.
Spatial distortion is not that pronounced in the mid-brain but is worth
doing when the data are high resolution. We discarded the first 3 EPI
volumes before data processing and statistical analysis to allow for mag-
netization equilibration.
fMRI data analysis. The SPM8 software package was used to analyze
the fMRI data (Wellcome Department of Imaging Neuroscience, Insti-
tute of Neurology, London), the FSL feat pipeline was adapted to prepro-
cess the high-resolution fMRI data. Slice-time correction was applied to
the functional images to adjust for the fact that different slices within
each imagewere acquired at slightly different points in time. Images were
corrected for participantmotion, and gradient fieldmaps were applied to
correct distortions of the zoomed EPI images. For the purpose of mid-
brain analysis, images were smoothed using a 2mmFWHM3DGaussian
kernel to account for residual motion of participants.
For the first-level analysis, the event-related fMRI data were analyzed
by constructing time-series of prediction errors at the onset of CSd and
CSp stimuli. These time-series were estimated by fitting pupil and eye-
blink responses (see Computational model analysis), and used as para-
metric regressors in a GLM. Separate GLMs were run for signed and
unsigned prediction errors. The following regressors of no interest were
included in the model in the following order, orthogonalized to the first
regressor of no interest. We included 10 regressors to account for phys-
iological fluctuations (2 related to respiration, and 4 high pass filtered
and 4 low pass filtered photoplethysmography measures of heart beat),
which were estimated using the RETRO-ICOR algorithm (Glover et al.,
2000). Six scan-to-scan motion parameters derived from the affine re-
alignment procedure were also included as regressors of no interest. To
account for motion of subjects at a high temporal resolution, we added
an additional regressor of no interest (see Additional motion regressors).
Finally, we performed an independent components analysis (FSL mel-
ody) and included the time course of those 5 components (of 90) as
additional regressors of no interest, which loaded the highest on the
interpeduncular cistern, located just anteriorly to the SN and VTA.
Before the second-level analysis, participants’ zoomed EPIs were
coregistered to a multimodal T1/T2 optimal template, created iteratively
using the Advanced Normalization Toolbox (Avants et al., 2010). The
costs and benefits of different image registration pipelines were discussed
previously (Limbrick-Oldfield et al., 2012). Results of second-level anal-
yses were affinely transformed into MNI space.
Evaluation of parameter estimates. To gain a detailed insight into how
BOLD responses scaled with prediction errors, we exported the subject
values of the first-level GLM and performed a stepwise regression. To
avoid double dipping (Kriegeskorte et al., 2009), we defined participant
ROIs using a leave-one-participant-out cross-validation procedure. Al-
though this procedure did not limit ROIs to be localized to the same
hemisphere as was found in the overall analysis, we found that ROIs were
largely overlapping and all localized to the same hemisphere (data not
shown). Similar asymmetries have been reported in previous studies
(D’Ardenne et al., 2013; Hennigan et al., 2015). For each participant, we
created 5 bins of consecutive ranges of TD prediction errors, so that each
bin contained the same number of trials (14 trials). For example, the
first bin may include all CS onsets in which prediction errors were be-
tween 1 and 0.8, the second bin all trials with prediction errors be-
tween 0.8 and 0.3, and so on. The borders between bins varied
between participants because each participant experienced a different
order of trial types, and the size of prediction errors is a function of the
specific sequence of events. The stimulus onsets of the trials within a bin
were used to form an onset regressor. This resulted in aGLMwith 5 onset
regressors, corresponding to the 5 bins of prediction errors. For each
participant, we calculated the z-scored median  value within the ROIs
and then calculated the truncated population mean and SEs (excluding
extreme values from the top 5% and bottom 5% of the distributions).
This analysis was performed separately for the two conditioned stimuli
(CSd and CSp), and the ventromedial and dorsolateral SN ROIs in the
appetitive and aversive session, respectively.
Functional gradient within the SN. To investigate whether it was pos-
sible to identify a functional gradient within the SN, we tested for a
systematic change in fitted parameter estimates along a ventromedial to
dorsolateral axis within the SN. Because the above evaluation of param-
eter estimates suggested that the UPE regressor was not adequately rep-
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resenting activation dynamics during the aversive session, in this analysis
we focused on the fitted parameter estimates for the RPE regressor in the
appetitive session and the combined regressor for aversive value signals at
the distal cue and RPEs at the proximal cue during the aversive session.
To determine the location of each SN voxel along the ventromedial to
dorsolateral axis, we calculated its Manhattan distance from an origin
placed at the most ventromedial and central, along the rostrocaudal axis,
voxel of the SN. The resulting distance of each voxel was rounded to
whole millimeters; and for each participant and regressor, the parameter
estimates were averaged across equidistant voxels. To test for statistical
significance, we performed a linear mixed-effects model analysis, with
the randomeffect participant, and the fixed effects distance and paramet-
ric fMRI regressor.
Results
Behavioral pilot experiment
Appetitive conditioning leads to conditioned pupil dilation at
CS onsets
We recorded pupil diameter changes in response to conditioned
stimulus onsets as an autonomic measure of appetitive condi-
tioning (Bitsios et al., 2004; Seymour et al., 2007; Bray et al., 2008;
Pre´vost et al., 2013). We expected that the presentation of a CS
would result in a pupil dilation response correlatedwith the value
of the CS (O’Doherty et al., 2006; Bray et al., 2008), and to the
degree to which the CS presentation changes the participants’
reward expectations (Nassar et al., 2010; Preuschoff et al., 2011).
Althoughwe did not find any direct evidence of changes in the
pupil responses to the distal CS, we found clear evidence for
higher-order learning at the time of presentation of the proximal
CS, as the pupil response at that time reflects a mix of the ex-
pected reward and violations of expectations (i.e., prediction er-
rors) (Fig. 2A). Trials in which the distal cue predicted the neutral
outcome, but the proximal cue now predicted the juice outcome
elicited the stronger pupil dilation relative to trials in which both
the distal cue and the proximal cue predicted the reward out-
come. Furthermore, trials in which the reward outcome was ex-
pected at the time of the distal cue, but the proximal cue now
signaled a neutral outcome resulted in a stronger pupil constric-
tion than trials in which both the distal and proximal cue pre-
dicted the neutral outcome.
To formally test this result, we computed a linear mixed-
effects model in which we regressed value and prediction error
Figure 2. Behavioral effects of conditioning. A, Plot of averaged pupil responses from the appetitive session of the behavioral pilot study aligned to the time of onset of the proximal cue (CSp).
Solid lines indicatewhen the distal cue (CSd) predicts the delivery of the juice reward. Dashed lines indicatewhen the CSd predicts the delivery of the neutral outcome. Red represents when the CSp
predicts thedelivery of the juice reward. Green representswhen theCSppredicts thedelivery of theneutral outcome.Both the valueof the expected rewardandviolations in those expectationswhen
the CSp predicts a different outcome to the CSd (i.e., prediction error) influence changes in pupil size in the appetitive session of the pilot study.B, The presentation of both CSd and CSp resulted
in an increase in blinking relative to the blink rate after a CSd and CSp in the aversive learning session of the pilot study. C, D, Analogous results for the fMRI study. Shaded areas and error bars
indicate standard errors.
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signals from the computational model as well as the interaction
between these two variables against pupil responses to the onset
of either cue (with random effects factor participant, see Materi-
als and Methods). This model fit pupil responses best with a
learning rate of 0.26 and a temporal discounting rate of 0.79. We
found a significant interaction effect of value andprediction error
on the pupil responses (t 	 3.40, p  0.001, df 	 1294.1), indi-
cating that the pupil response reflects a mix of these two compu-
tational variables.
An analogous analysis of the pupil dilation in response to CS
onsets was run for the aversive conditioning session but did not
yield any statistically significant effects, possibly because of the
high blink rate during aversive conditioning (see below).
Aversive conditioning elicits eyeblink reflex responses at CS onsets
A prominent conditioned response found during conditioning
with an aversive flavor outcome reported previously by our group
is the presence of blinking responses elicited by a conditioned
stimulus associated with an aversive flavor (Pre´vost et al., 2013).
To test for this in the present data, we recorded eyeblinks in
response to the onset of conditioned stimuli as a measure of
conditioning in the aversive session (Fig. 2B). We predicted that
the presentation of a CS would result in a larger eyeblink re-
sponse, compared with a neutral CS, averaged across proximal
and distal cues. Our statistical analyses suggest that this was in-
deed the case (t	 2.06, p	 0.04, df	 1110.7).
Using a statistical approach analogous to the one used for the
pupil response above, we found that the best fit of blink rate
changes was achieved with a learning rate of 0.53 and essentially
no temporal discounting ( 	 0.99). An investigation of the as-
sociations among different TD variables and eyeblink responses
for the best fit yielded a main effect of both value (t	 2.71, p	
0.007, df	 1306.2) and prediction error (t	2.26, p	 0.024,
df	 1306.2).
An analogous analysis of the blink response at CS onset was
run for the appetitive conditioning session but did not yield any
statistically significant results. This result therefore confirms our
previous finding that the blink response appears to be specific to
aversive conditioning (Pre´vost et al., 2013).
fMRI experiment
Appetitive conditioning leads to conditioned pupil dilation at
CS onsets
As in the pilot study, we predicted that pupil responses to the
presentation of a CS would correlate with TD value and RPEs. To
test this prediction, we used the identical analysis approach as in
the behavioral pilot study to investigate the correlation of TD
value and prediction error with pupil and eyeblink responses
during the fMRI experiment.
We found that the best fit of pupil diameter changes with the
TDmodel was achieved with a learning rate of 0.22 and a tempo-
ral discount rate of 0.89. The log-likelihood of this best fit
(4530.41) was significantly better than the log-likelihoods of
fits of the permuted data (mean SD,4552.2 1.43, z-score	
15.3, p	 2.1e-53).
To avoid overfitting in the next step, we did not use the best
fitting parameters for learning rate and temporal discount rate
estimated from the behavioral data in these same fMRI subjects
but instead used the parameters estimated from the behavioral
pilot study. This way, our statistical results would be unbiased.
We found a significant interaction effect of value and prediction
error on pupil responses to CS onsets at the time of the proximal
cue (t	2.99, p	 0.003, df	 3200.4), but also a main effect of
prediction error (t 	 6.86, p  0.001, df 	 3200.3). These find-
ings provide further evidence of successful higher-order condi-
tioning (Fig. 2C) but also confirm our observations of an
interaction between stimulus value and prediction errors on pu-
pil responses to the onset of the proximal cue, as found in the
behavioral pilot study.
An analogous out-of-sample test of the pupil dilation at CS
onset was run for the aversive conditioning session. Our statisti-
cal analyses suggest a positive correlation between pupil diameter
and value (t 	 2.99, p 	 0.003, df 	 3191.0) and prediction
error (t 	 4.38, p  0.001, df 	 3189.0). However, as in the
behavioral pilot study, the pupil dilation results from the aversive
conditioning session should be treated with caution, as changes
in pupil dilation could be influenced directly by an increased
eyeblink rate during aversive conditioning.
Aversive conditioning elicits eyeblink reflex responses at CS onsets
As in the pilot study, we predicted that the presentation of a CS
would result in a larger eyeblink response, compared with a neu-
tral CS (Fig. 2D). Our statistical analyses suggest that this was
indeed the case (t	 5.07, p 0.001, df	 3190.0).
We found that the best fit of eyeblink responses was achieved
with a learning rate of 0.64 and essentially no temporal discount-
ing (i.e.,  	 0.99). The log-likelihood of this best fit
(11,392.98) was significantly better than the log-likelihoods of
the permuted data (mean  SD, 11,407.43  1.34, z-score 	
10.81, p	 7.9e-28).
Regressing value and prediction error against eyeblink re-
sponses using the learning rate and temporal discount parame-
ters derived from the behavioral pilot study (again to avoid
overfitting) revealed a positive correlation between CS value and
blink response (t	 4.83, p 0.001, df	 3188.0). An analogous
analysis of the blink reflex at CS onset was run for the appetitive
conditioning session but did not yield any significant results.
Together, these results therefore replicate our findings from
the behavioral pilot study (Fig. 2A,B) on the effect of appetitive
and aversive conditioning on pupil and blink responses, respec-
tively. In both datasets, fitting the pupil and eyeblink responses
led to a lower learning rate in the appetitive session, compared
with the aversive session. It should be noted that it is possible that
this difference in learning rates maymerely be the result of fitting
different modalities of conditioned responses, which could po-
tentially differ in how their expression evolves over time, without
any differences in how quickly the associations have been ac-
quired. At the same time, it has also been demonstrated that fMRI
results are relatively robust to variance in learning rates when, for
example, the temporal difference algorithm is applied for creat-
ing statistical regressors in computational fMRI (Wilson andNiv,
2015). Exploratory analyses also revealed this to be the case in the
current dataset. Thus, differences in the learning rates across con-
ditions do not substantively account for the differences in results
found between conditions.
Reward TD prediction errors in the ventral striatum
and amygdala
Previous research has found BOLD responses consistent with a
TD RPE in the ventral striatum (O’Doherty et al., 2002, 2004;
Scho¨nberg et al., 2007) and the amygdala (Pre´vost et al., 2013).
To validate our paradigm, we first tested whether BOLD re-
sponses in the ventral striatum correlated with TD RPEs. For this
purpose, we used the prediction error estimates of the TDmodel
at the onsets of CSd and CSp as a parametric regressor, applying
the learning rates discovered through the analyses of eyeblink and
pupil reflex data. The TD model makes different predictions
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about the prediction error response at the two cue presentation
time-points (Fig. 3A). At the time of the most distal cue (CSd),
the response is predicted to be synonymous with an expected
value (EV) signal because the TD error signal computes the dif-
ference between the expected future reward predicted at that
time point less the predicted reward at the previous time point
(before the onset of CSd). Because the predicted reward is zero
before the onset of the distal cue, the prediction error response at
the time of the distal cue is simply the expected future reward at
that time point. However, at the time of presentation of themore
proximal cue (CSp), the response is predicted to depict the dif-
ference between the prior expectation (signaled by the CSd) and
the new revised expectation elicited by the CSp. If, for example,
the CSd predicting the delivery of the neutral liquid is followed
by the CSp predicting the delivery of the appetitive liquid, then a
positive prediction error will be elicited, whereas if the CSd cue
predicting the onset of the reward stimulus is first presented fol-
lowed by the CSp predicting the onset of the neutral stimulus, a
negative prediction error will be elicited.
Consistent with previous findings, we identified a region in
the ventral striatum (peakMNI coordinates:15, 1,9mm; t	
3.875, p 	 4.1e-4, df 	 22) in which the BOLD response corre-
lated positively with a TD RPE in the appetitive session (Fig. 4).
In addition to this previously reported finding, we also tested
for a region correlating with the TD RPE during the aversive
learning session, that is, a signal that indicates, for example, that
an already expected aversive outcomewill no longer be delivered.
Specifically, we tested for a region in which, at the time of presen-
tation of the more distal stimulus, activity is predicted to show
increases the more a cue is associated with the absence of the
aversive predicting stimulus, whereas at the time of the proximal
cue presentation, activity is predicted to increase in response to
an unexpected omission of the aversive predicting stimulus, and
to decrease in response to the unexpected delivery of the aversive
predicting stimulus (for illustration, see Fig. 3D). We found an
adjacent region of ventral striatum (peakMNI coordinates:12,
3,10mm; t	3.862, p	 4.2e-4, df	 22) in which the BOLD
response correlated positivelywith anRPE in the aversive session.
Next, we tested for a region in the medial amygdala that
showed a pattern of BOLD responses in the aversive session that
is also consistent with a TD RPE (Pre´vost et al., 2013). Confirm-
ing this previous finding, we identified a region in the medial
amygdala (peak MNI coordinates: 20, 3, 23 mm;
A B C
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Figure 3. Top panel, Hypothetical BOLD responses for voxels signaling RPE (A), aversive prediction error (B), and unsigned prediction (C) in the appetitive session. D, E, Hypothetical BOLD
responses for the same types of prediction errors in the aversive session.
Figure 4. In the appetitive session, the BOLD response in the ventral striatum correlated
with the RPE estimates of the TD algorithm (red). In the aversive session, the BOLD response in
the ventral striatum and the medial amygdala correlated with the RPE estimates of the TD
algorithm (blue); that is, a deactivation for the unexpected presentation of a CS that indicated
the delivery of an aversive liquid (Thresholded at p	 0.005).
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t 	 4.012, p 	 2.9e-4, df 	 22) in which the BOLD signal
correlated positively with the TD RPE in the aversive session.
TD RPEs in the substantia nigra
Next, we examined whether different regions within the SN were
selectively involved in encoding an appetitive or aversive tempo-
ral difference prediction error signal during appetitive and aver-
sive learning. We first tested for a TD RPE signal. We identified a
ventromedial region (peakMNI coordinates:5,12,12mm;
t	 3.99, p	 3.3e-4, df	 22) correlatingwith TDRPE during the
appetitive conditioning session (Fig. 5A). The region we identi-
fied corresponds to the ventromedial midbrain SN (dopamine
area A8), close to the border to the VTA (A9) (Eapen et al., 2011).
To validate our model-based regression analysis and to establish
the extent towhich the identified cluster conformed to a TD error
signal, we split themodel-predicted prediction error signal into 5
bins for each time point (see Materials and Methods); and in a
post hoc nonparametric regression analysis on the extracted time-
series from that cluster, we estimated parameter estimates for
these separate bins (using a leave-one-out analysis approach; see
Materials and Methods). At the time of the distal cue presenta-
tion, the TD RPE should resemble a signal that would scale with
the magnitude of the expected predicted future reward, which is
exactly what we observed in themidbrain cluster (Fig. 5B). At the
time of the proximal cue presentation, the activation should scale
from negative to positive, depending on whether reward expec-
tancies were positively or negatively violated following the pre-
sentation of the proximal cue, which is once again what we
observed (Fig. 5C). Thus, the signal we found in the ventromedial
SN conforms closely to the expected profile of a TD RPE signal
during the appetitive learning session.
TD aversive prediction error
Next, we tested for regions correlating with a TD aversive predic-
tion error signal during the aversive conditioning session. An
aversive prediction error would show an increase in activity in
response to increasing predictions of an aversive outcome in re-
sponse to the most distal cue, and at the time of the proximal cue
would show an increase in activity in response to the unexpected
delivery of an aversive predicting stimulus or outcome, whereas
the unexpected omission of an aversive predicting stimulus or
outcomewould result in a decrease in activity (Fig. 3E).However,
we did not find any significant correlationswith an aversive going
prediction error signal anywhere in the SN (dopamine area A8).
This was true not only in the aversive conditioning session, but
also in the appetitive session (in which at the time of the proximal
cue such a signal would show an increase in activity to the unex-
pected omission of reward; Fig. 3B).
Unsigned prediction errors
A previous electrophysiological study reported that a subpopula-
tion of neurons in the SN are involved in a “salience” type code, in
which both unexpected aversive stimuli and unexpected appeti-
tive stimuli produce an increase in neural activity (Matsumoto
and Hikosaka, 2009). To investigate this question, we tested for a
region within the SN that simultaneously expressed an increased
BOLD response to unexpected aversive and appetitive condi-
tioned stimuli in the aversive and appetitive session, respectively.
However, no region within the SN showed a significant response
profile of this sort.
Because a recent fMRI study reportedUPE signals inmidbrain
nuclei (D’Ardenne et al., 2013), we next investigated whether any
area in the SN showed a pattern of BOLD responses consistent
A B
C
Figure5. A, In the appetitive session, theBOLD response in the ventromedial SN correlatedwith theRPEestimates of the TDalgorithm(red:p0.005; yellow:p0.001).Mean subject values
demonstrate how BOLD responses scaled linearly with TD RPEs in the appetitive session. B, At the time of the distal cue, the TD error response is predicted to be isomorphic to the expected value of
the cue. C, Proximal cue. Subject values were extracted from individual ROIs identified through a leave-one-subject cross-validation approach. In B and C, error bars indicate standard errors.
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with an UPE; that is, a region that exhibits a stronger BOLD
response if unexpected conditioned stimuli are presented, rela-
tive to expected conditioned stimuli, independently of whether
these conditioned stimuli predict an appetitive or aversive out-
come (Fig. 3C,F). We identified a region in the dorsolateral SN
which showed apatternofBOLDactivation that correlatedwith this
UPEregressor (Fig. 6A; peakMNIcoordinates:10,17,12mm;
t	 3.56, p	 8.8e-4, df	 22).
To further investigate the response profile of this dorsolateral
region, we next extracted the mean fitted parameter estimates from
the voxels in this cluster fromeach individual subject andperformed
a stepwise linear regression procedure. Clusters were again defined
by a leave-one-participant-out cross-validationprocedure. This fur-
ther analysis revealed that the signal didnot indeed correspond to an
UPE signal as predicted. An UPE signal should manifest as a “V-
shaped” response profile at both time points (corresponding to an
increased activation responsebothwhenanaversive outcome is pre-
dicted to be more and less likely to occur compared with the status
quo). However, at the time of presentation of the most distal cue,
activation instead showed a linearly increasing response profile as a
functionof increasingpredictionsofanaversiveoutcome, consistent
with an aversive EV signal (Fig. 6B). On the contrary, at the time of
presentation of the proximal cue, we found a signal that resembled
an RPE signal, when a worse outcome than expected was revealed,
activity decreased in this region, whereas when a better than ex-
pected outcome was revealed (i.e., less chance of an aversive out-
come being delivered), activity increased (Fig. 6C). Thus, together,
the response profile in this region appears to exhibit a response that
resembles a mix of two different signals during the aversive session:
an aversive EV signal at the time of the most distal cue and an RPE
signal at the time of the proximal cue presentation.
Given that our results indicate that the SN response in the
aversive session reflects a combination of an aversive prediction
signal at the time of the distal cue and an RPE at the time of
proximal cue, in a post hoc analysis, we reran a new model-based
fMRI analysis for the aversive session in which we set the para-
metric response at the time of the distal cue to be an aversive value
signal and the parametric response at the time of the proximal cue
to be a reward signal. Unsurprisingly, given the circular nature of
this analysis (Kriegeskorte et al., 2009), these results showed a
more robust effect in the dorsolateral SN than the initial unsigned
error signal used in the analysis described earlier. Despite the
circular nature of this analysis, to illustrate the topography of
the responses in the midbrain, we plotted these results alongside
the results from the RPE analysis in the appetitive session (Fig.
7A). Figure 7B shows the location of the SN with the standard
MNI T1 whole brain as reference, with cross hairs indicating the
location of the peak voxel representing RPEs in the appetitive
session.
A functional gradient for value and prediction error signals within
the SN during appetitive versus aversive learning
While the above results hint at a regional functional special-
ization within the SN, we next performed a direct test for this
A B
C
Figure 6. BOLD responses in the aversive session in the dorsolateral SN. A, In the aversive session, the BOLD response in the dorsolateral SN correlated with an UPE signal (dark blue: p 0.005;
light blue: p 0.001). However, an interrogation of the underlying response profile in this region by plotting mean subject values demonstrates that the BOLD response in this region reflects a
more nuanced signal. B, At the time of the most distal cue, the BOLD responses scaled linearly with an aversive value signal. C, At the time of the proximal cue, activity correlated with an RPE.
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possibility. To do this, we identified the most ventromedial
and caudal voxel along the rostrocaudal axis in the SN and
used this voxel as an anchor point (Fig. 8A). We then binned
the remaining voxels in the SN according to their distance
from the anchor point. Voxels of the same distance were
binned together. Within each voxel bin in each participant, we
then estimated the average parameter estimates for the reward
RPE in the appetitive condition per subject and estimated the
average parameter estimates for the combined aversive value
and RPE regressor in the aversive condition per subject. We
then used a linear mixed-effects model to test for a significant
interaction between distance and regressor (RPE in the appet-
itive session vs combined aversive and RPE at the distal and
proximal cue, respectively, in the aver-
sive session) on the fitted parameter
estimates. This analysis yielded a signif-
icant regressor by distance interaction
(Fig. 8B; t 	 3.83, p 	 1.34e-04, df 	
1287.0), supporting the existence of a
functional gradient within the SN, with
voxels in the ventromedial region show-
ing a greater tendency to be involved in
responding to reward RPEs during the
appetitive session, whereas voxels in the
more dorsolateral region showed a
greater tendency to respond to the aver-
sive value signal (at the distal cue) and
an RPE signal (at the proximal cue) dur-
ing the aversive session.
Midbrain BOLD responses predict
participants’ affective reactions to cue
stimuli 1 year later
Given that dopaminergic activity is hy-
pothesized to be directly related to
learning of stimulus–reward associa-
tions, we performed a test to determine
the extent to which activity in the SN
was related to the learning of long-term
affective associations with the cues. One
year after the fMRI experiment was
completed, we invited participants to
fill out a brief survey in which we pre-
sented pictures of the fractal stimuli
used as cues in the experiment (1 year
previously), and we asked them to pro-
vide affective ratings for those cues on a
scale ranging from5 to 5, where5	
very unpleasant, 0 	 neutral, and 5 	
very pleasant.
We first tested whether or not individ-
uals’ affective ratings for the cue were sig-
nificantly different for the cues previously
paired with reward, neutral outcomes, or
aversive outcomes (Fig. 9A). The results of
a linear mixed-effects model with the
fixed effect objective cue value and ran-
dom effect participant indicate that rat-
ings of cue stimuli scaled linearly
according to the probability with which
they predicted the aversive or neutral out-
comes in the aversive session (t 	 2.057,
p 	 0.046, df 	 41). No such effect was
found for the cues of the appetitive session
(t	 0.416, p	 0.68, df	 41).
We next tested whether the difference in affective ratings for
the pleasant compared with the neutral and aversive compared
with the neutral cues 1 year hence was correlated across partici-
pants with the BOLD response to the prediction error signals
found in the SN 1 year previously.
For the cues used in the appetitive session, a significant
correlation was found between the parameter estimates from
the model-based analysis for the reward TD prediction error
signal in the midbrain during the appetitive session and the
difference in 1 year post affective ratings for the appetitive
compared with neutral predicting cues (tau 	 0.366, p 	
A B
Figure 7. A, Comparison of extent of clusters showing a BOLD response consistent with an RPE, and a combination of expected
aversive value and RPE at the onset of the distal and proximal cue, respectively. Color codes are the same as in Figures 5 and 6. B,
High-resolution T2-weighted structural scan overlaid on top of the standard skull-stripped 1 mmMNI T1 brain for reference. Red
cross hairs indicate location of peak voxel encoding an RPE signal in the appetitive learning session.
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1.6e-4; Fig. 9B, left). Thus, even though,
on average, participants did not show a
significant change in their affective rat-
ings for the reward predicting cues com-
pared with the neutral predicting cues,
those participants who did exhibit in-
creased preference for the reward pre-
dicting cues had greater RPE responses
in their midbrain when experiencing
those cue-reward associations 1 year
thence.
A similar analysis was performed for
the aversive session and revealed a signif-
icant correlation between the parameter
estimates from the model-based analysis
for the unsigned TD prediction error sig-
nal in the midbrain during the aversive
session and the difference in affective rat-
ings for the aversive compared with neu-
tral predicting cues during the aversive
session (tau 	 0.371, p 	 1.4e-4; Fig.
9B, right). Because, as reported earlier, we
found that the UPE signal in the dorsolat-
eral SN was indeed a combination of an aversive stimulus value
signal at the onset of the distal cue and an RPE at the onset of the
proximal cue, we next asked whether the corresponding param-
eter estimates of the two stimuli correlated differentially with
how well participants remembered the stimulus–outcome asso-
ciations in the follow-up survey. We found that only the param-
eter estimates of the aversive stimulus value signal at the time of
the distal cue presentation correlated with participants’ subse-
quent differential affective ratings of the stimulus–outcome as-
sociations (tau	0.438, p	 2.1e-05; Fig. 9C, left), but a similar
correlation was not found for the RPE signal at the onset of the
time of the proximal cue (tau	0.011, p	 0.45; Fig. 9D, left).
An analogous analysis for the appetitive session yielded similar
results, with a correlation between participants’ ratings of condi-
tioned stimuli and the EV signal at the onset of the distal stimulus
(tau	 0.275, p	 0.002; Fig. 9C, right), and no significant corre-
lation between the RPE signal at the time of the proximal stimu-
lus and the ratings (tau 	 0.023, p 	 0.39; Fig. 9D, right).
Interestingly, a similar analysis for the ventral striatum did not yield
anysignificantcorrelationbetween fittedparameterestimates for the
RPE cluster, in which the BOLD response scaled linearly with an
RPE, and stimulus ratings in this follow-up survey.
Together, these results suggest that valuation responses in
these two distinct regions of the SN during acquisition of appet-
itive and aversive conditioned associations exert an enduring in-
fluence on the expression of affective responses to those
conditioned cues.
Discussion
The present study used computational high-resolution fMRI tai-
lored for imaging the human SN to investigate the involvement of
this region in encoding prediction errors during appetitive and
aversive higher-order learning, as well as to determine potential
regional specializations within the midbrain dopamine system in
appetitive and aversive learning. We found that activity in the
ventromedial SN, bordering with the VTA, during appetitive
learning was consistent with an RPE signal: within the context of
appetitive conditioning, activity in this region increased in re-
sponse to the delivery of an unexpected conditioned stimulus
predicting the delivery of reward. On the other hand, activity in
the dorsolateral SN showed a more complex pattern of activity:
an increase in activity at the time of the most distal cue predicted
an aversive liquid, consistent with an aversive EV signal, whereas
activity at the time of the more proximal cue correlated with an
RPE signal, increasing in activity if the aversive outcome was
deemed less likely than first expected. This combined signal may
reflect a single unitary computational function, or else reflect the
corepresentation of two distinct signals.
A striking feature of our results is that the ventromedial and
dorsolateral areas of the SN differed functionally both with re-
gard to their involvement in appetitive and aversive condition-
ing, respectively, and with regard to the types of signals found
therein. The topographical variation in the functions of the SN
that we found in the present study relates to that reported in an
earlier neurophysiological investigation in nonhuman primates
in which dopamine neurons in the ventromedial SN were found
to predominantly encode RPEs, whereas those in the dorsolateral
SN were suggested to be predominantly involved in encoding a
“salience” response, inwhich both unexpected aversive outcomes
and unexpected reward outcomes were found to produce an in-
crease in neural activity (Matsumoto and Hikosaka, 2009).
However, in our case, the BOLD responses we found in the dor-
solateral SN were indeed not a salience signal but, on further
inspection a mix of two distinct signals, an aversive value signal
and an RPE. We tested for, but did not find, any regions within
the SN that simultaneously expressed an increased BOLD re-
sponse to unexpected aversive stimuli and appetitive stimuli
when pooling across both appetitive and aversive sessions. Thus,
while the results of our study in humans and that of Matsumoto
andHikosaka (2009) inmonkeys agree in that there appears to be
a topography in responses across the SN, the precise nature of the
signal found in the dorsolateral SN does not correspond to that
reported by Matsumoto and Hikosaka (2009). Naturally, as we
are measuring BOLD responses and not single neuron activity
specifically, we would not necessarily expect the signals reported
in these studies to align precisely. One other possible reason for
the difference between studies is that, in our study, the midbrain
activity might reflect a contrast effect whereby, in the appetitive
session, a neutral predicting stimulus is regarded as aversive be-
cause it is associated with missing out on the reward, whereas, in
A B
Figure8. Adirect test for a functional gradientwithin the SN revealed an increased tendency for the ventromedial SN to encode
RPEs in the appetitive session, as well as an increased tendency for voxels in the dorsolateral SN to encode an aversive value signal
and an RPE signal in the aversive session. A, Anterior view of SN, with voxel location along the ventromedial to dorsolateral axis
indicated by heat color palette (binned for illustration purposes only). Location was defined in terms of distance from origin
(crosshairs). Subthalamic nucleus (STN) and red nucleus (RN) were added for reference. B, Statistical analyses revealed that fitted
parameter estimates show a significant location by condition interaction, confirming the existence of the proposed functional
gradient along a ventromedial to dorsolateral axis. Thin lines indicate populationmean for each set of equidistant voxels. Shaded
areas indicate standard errors. Bold lines indicate predictions of the linear mixed-effects model.
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the aversive session, a neutral predicting stimulus is treated as
appetitive because it is associated with avoidance of the aversive
outcome (Kim et al., 2006). Flexible range adaptation has been
reported in midbrain dopamine neurons for encoding of RPE
signals (Tobler et al., 2005), so it is possible that such an adaptive
coding mechanism is present more extensively within the SN.
It is worth noting that a previous fMRI study did report BOLD
responses in the SN during aversive conditioning (Hennigan et
al., 2015), whereas other studies reported a variety of reward-
related prediction error-related responses in the same structure
(Wittmann et al., 2005; D’Ardenne et al., 2013). However, no
previous study to date has reported direct comparisons between
responses during appetitive and aversive conditioning.Hennigan
et al. (2015) did indeed include a reward-learning condition, but
they did not find any response in the midbrain in that condition,
perhaps because the aversive and appetitive cues were delivered
in an intermixed fashion in that study (as opposed to in separate
sessions as done here). With an intermixed paradigm, contrast
effects between the cues may have resulted in the aversive cue
dominating (see also Kim et al., 2011). As a consequence, the
present study is the first to definitely show responses in this re-
gion in the human brain during both appetitive and aversive
learning, allowing us for the first time to detect a functional to-
pography within the human midbrain related to these two dis-
tinct types of learning.
The discovery of a functional topography in humans is con-
sistent with earlier studies in monkeys, which suggest that ven-
tromedial and dorsolateral areas of the SN may indeed differ
functionally (Matsumoto andHikosaka, 2009; Bromberg-Martin
et al., 2010), reflected by dissociable afferent and efferent connec-
tivity patterns (Haber et al., 2000; Halliday, 2004). These distinct
areas of the SN are associated with a different profile of neuro-
anatomical connections. Whereas dopaminergic neurons in the
ventromedial SN send afferents to the shell of the nucleus accum-
bens (Haber et al., 2000), ventromedial prefrontal cortex (Wil-
liams and Goldman-Rakic, 1998), and orbital frontal cortex
Figure9. A, Participants correctly rated cue stimuli from the aversive learning session according tohowaccurately they predicted salty tea but failed to rate cue stimuli from the appetitive session
appropriately.B, values in the dorsolateral cluster for UPE correlated negatively with participants’ ratings of CSs from the aversive learning session (left), and values in the ventromedial cluster
for RPEs correlated positivelywith participants’ ratings of cue stimuli from the appetitive session (right). C, Participants’ stimulus ratings correlatedwith dorsolateral values for the EV signal at the
time of the distal CS in the aversive session and showed a significant correlation with ventromedial values in the appetitive session. No such correlation was found for the values of to the RPE
at the time of the proximal cue (D).
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(Porrino and Goldman-Rakic, 1982), dopaminergic projections
from the dorsolateral SN, on the other hand, have been found to
largely target the putamen (Haber et al., 2000) as well as the
dorsolateral prefrontal cortex (Williams and Goldman-Rakic,
1998; Haber and Knutson, 2010). Thus, the different types of
signals being encoded in these two different parts of the SN may
be reflected in turn in differences in the output of the dopami-
nergic neurons in those areas, which can correspondingly impact
differentially on at least partly distinct upstream neural circuits.
The present findings also have implications for studies using
model-based fMRI methods more generally (O’Doherty et al.,
2007). When testing for areas correlating with an unsigned TD
prediction error, we found robust correlations with this signal in
dorsolateral SN. Yet on closer inspection, this signal actually re-
flected a blend of two distinct components: an EV signal and an
RPE signal. Perhaps because the averaged combination of those
two signals might resemble an unsigned surprise signal, BOLD
activity in this region loaded significantly onto that regressor. As
a consequence, the present findings do highlight the fact that it
is important to interrogate further the response properties of
voxels found to correlate with a computational fMRI regressor
(indeed, as would be the case with any parametric regressor) to
determine preciselywhich type of response profile is indeed being
exhibited.
Remarkably, we also found that BOLD responses in the SN
during both appetitive and aversive conditioning are significantly
correlated with differential subjective affective ratings for the cue
stimuli more than 1 year after the fMRI data were first acquired.
Those individuals with a more robust ventromedial SN predic-
tion error response during appetitive conditioning were more
likely to exhibit increased liking for the cues paired with the ap-
petitive outcome (compared with the neutral cues), whereas
those individuals with a more robust dorsolateral SN response to
expectation of an aversive outcome exhibited a greater tendency
to rate the aversive predicting cues as less likable than the neutral
predicting cues encountered in the aversive learning session 1
year earlier. One previous study also reported that visual stimuli
that predicted monetary reward were associated with a stronger
BOLD response in the SN, compared with non–reward-
predicting pictures, and were also associated with better recollec-
tion and source memory 3 weeks later (Wittmann et al., 2005).
Our findings extend on these previous results in that they dem-
onstrate an analogous effect even 1 year later. More importantly,
however, our results are the first demonstration that the strength
of a long-term conditioned affective reaction is associated with
the degree of activation in the SNduring aversive learning as well.
In conclusion, we found evidence for dissociable contribu-
tions of the human SN during appetitive and aversive learning.
Whereas activity in the ventromedial SN reflects a reward-related
TD prediction error signal during appetitive learning, the dorso-
lateral SN reflects a mix of an aversive EV signal and an RPE.
Furthermore, activity in the SN during both appetitive and aver-
sive learning was ultimately predictive of the degree of affective
reactivity to the cues that could be measured 1 year later. Our
findings provide important additional insights into the unique
functions of distinct parts of SN in different forms of learning and
provide an important link between the functional contributions
of the SN to learning in both human and nonhuman animals.
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